We study the distribution of the interference power in a millimeter wave (mmWave) cellular network. Such interference is random and highly dependent on the employed transmission technique, as well as the varying channel conditions and the varying association between users and base stations. Traditional networks at lower frequencies usually employ omnidirectional transmission which creates an (almost) equal amount of interference in any direction. MmWave networks, however, must employ directional beamforming transmission in order to compensate for the high path loss in mmWave frequency bands. These directional transmissions drastically change the network interference structure. We examine the interference power distributions in an mmWave network employing beamforming transmission under different user association schemes, and contrast with those under omnidirectional transmission. Numerical results using an analytical mmWave channel model and a measurement-based channel generator, NYUSIM, show that beamforming not only reduces the amount of strong interference and hence significantly enhances network throughput, but also user association can considerably alter network interference and throughput structures.
I. Introduction
Millimeter wave (mmWave) technology is a key enabler of future 5G cellular networks. To accommodate for the shorter signal range, mmWave-enabled networks will have a high density of base stations (BSs). In such a dense network, interference is an important factor affecting network performance, and techniques for interference mitigation or exploitation require an accurate understanding of the interference characteristics. This interference is random depending on the transmission technique, distributions of user equipments (UEs) and BSs, the varying channel conditions, and the varying associations between users and base stations. All these factors affect how the interference power at a typical receiver can vary, which is captured by the interference power distribution.
The transmission technique has a strong effect on the interference. In sub-6 GHz systems, the transmissions are omnidirectional and thus the interfer-The work in this paper is supported in part by the National Science Foundation under CNS Grants 1908552 and 1909206. ence originated from a transmitter propagates approximately equally in all directions. In mmWave systems, however, the transmissions are highly directional because of the use of beamforming at both transmitter and receiver sides and thus will significantly affect the interference at a typical receiver. In order to establish these directional transmissions, we first need to perform user association to establish the connection between specific BSs and UEs based on the channel conditions to maximize a certain network utility.
Max-SINR is a conventional user association scheme in which each UE connects to the BS providing the highest signal to interference and noise ratio (SINR). In this approach, however, the BSs which transmit at higher power levels may be overloaded by the surrounding UEs which receive the highest SINR from these BSs. Load balancing user association schemes have been introduced to resolve this issue by moving the overloading users to lightly loaded base stations to maintain network performance [1] - [4] . Load balancing user association schemes have been proposed for microwave LTE networks [1] and massive MIMO networks [2] , and also mmWave WiFi networks at 60 GHz frequency [3] . These works apply omnidirectional transmissions [1] , [2] or consider beamforming transmission but assuming interference is negligible in a short-range WiFi network [3] . This assumption, however, is inaccurate in a cellular mmWave network as the network can transit from a noise-limited regime to an interference-limited regime [5] . Moreover, because of beamforming transmissions, the interference structure is highly dependent on user associations in mmWave cellular networks [4] .
In this paper we analyze the realistic interference distribution, called beamforming interference model (BIM), in mmWave systems where singular value decomposition (SVD) beamforming technique is utilized for highly directional transmissions [4] . Since beamforming needs to be performed based on the actual BS-UE connections (associations), the interference structure is also highly dependent on user association. We contrast mmWave interference distributions under beamforming transmission with those under omnidirectional transmission as often considered in the ,((( ,QWHUQDWLRQDO &RQIHUHQFH RQ 0LFURZDYHV $QWHQQDV &RPPXQLFDWLRQV DQG (OHFWURQLF 6\VWHPV &20&$6 k ,((( literature for lower frequency (e.g. LTE) networks. We further compare the effect of mmWave channel models on the interference distributions by considering an analytical channel model (ACM) based on the 3GPP channel model [6] , [7] and the measurement-based channel simulator NYUSIM developed from extensive field measurements in New York City [8] , [9] .
II. System and Channel Models

A. System Model
We consider a downlink scenario in an mmWave cellular network with J BSs and K UEs. Let J , K denotes the set of all BSs and all UEs, respectively. M j and N k are the respective number of antennas at BS j and UE k. Each UE k aims to receive n k data streams (layers) from its serving BS such that 1 ≤ n k ≤ N k , where the upper inequality comes from the fact that the number of data streams for each UE cannot exceed the number of its antennas. Each BS can have a quota Q j which is determined based on its available data streams. We define the total number of downlink data streams sent by BS j as
where Q j is called the activation set of BS j which represents the set of active UEs in BS j, such that Q j ⊆ K, |Q j (t)| = Q j (t) ≤ K, and Q j is the quota of BS j. Note that the total number of downlink data streams sent by each BS should be less than or equal to its number of antennas, i.e., D j ≤ M j .
B. Channel Model
In the sub-6 GHz band the transmissions are omnidirectional and the entries of Gaussian MIMO channel are i.i.d. complex Gaussian random variables. In the mmWave band, the transmissions are highly directional and we can not use the simple Gaussian MIMO channel. In this paper, we employ two clustered mmWave channel models which include C time clusters with L subpaths per cluster. In Section V, we use these channel models to evaluate the performance of our proposed interference model.
1) MmWave analytical channel model:
The ACM is a clustered channel model defined as [6] , [7] 
where γ c is the power gain of the cth cluster. The parameters φ UE , θ UE , φ BS , θ BS represent azimuth angle of arrival (AoA), elevation angle of arrival (EoA), azimuth angle of departure (AoD), and elevation angle of departure (EoD), respectively. These parameters are generated randomly based on different distributions and cross correlations as given in [7, Tables 1-3 ]. The vector a(φ, θ) is the antenna array response vector, which depends on antenna geometry, including uniform linear array (ULA) or uniform planar array (UPA). In order to enable beamforming in both azimuth and elevation directions (3D beamforming), we use the uniform U × V planar array given by [6] a(φ, θ) = 1, ..., e jkd a (u sin(φ) sin(θ)+v cos(θ)) , ...,
where d a is the distance between antenna elements, and u ∈ {1, ..., U} and v ∈ {1, ..., V } are the indices of antenna elements. We consider two link states for each channel, line of sight (LoS) and non-line of sight (NLoS), and use the following probability functions obtained based on the New York City measurements in [10] 
where d is the 3D distance between UE and BS in meters, d BP is the breakpoint distance at which the LoS probability is no longer equal to 1, and η is a decay parameter. The obtained values based on measurements for these parameters are d BP = 27 m and η = 71 m. Moreover, we use the following path loss model for LoS and NLoS links [10] PL[dB] = 20 log 10 4πd 0 λ + 10n log 10
where λ is the wavelength, d 0 is the reference distance, n is the path loss exponent, and X σ SF is the log-normal random variable with standard deviation σ SF (dB) which describes the shadow fading. These parameters vary depending on LoS of NLoS propagation at 28 GHz, the path loss exponents and the shadowing factors are n LoS = 2.1, n NLoS = 3.4, σ SF, LoS = 3.6 dB, and σ SF, NLoS = 9.7 dB [10] . In LTE cellular networks, pilot signals are used to estimate channel state information (CSI) at the receiver. Once the CSI is available at the receiver, it can be shared with the transmitter via limited feedback or channel reciprocity. However, in 5G dense cellular networks these conventional approaches are inapplicable due to network densification and the limited amount of pilot resources. To address the new challenges emerging from network densification, a promising radio access technology, called cloud radio access network (C-RAN), has been proposed. In this radio access network, CSI at both the transmitter and the receiver can be estimated through new CSI acquisition schemes and shared via C-RAN for centralized signal processing, coordinated beamforming, and resource allocation in 5G new radio [11] . In this paper, we assume that the CSI is estimated for the aforementioned applications and we can utilize it for the purpose of user association.
2) Measurement-based NYUSIM channel generator:
NYUSIM is a channel generator simulation platform which can generate realistic mmWave channels based upon its input parameters [8] , [9] . The models employed in NYUSIM to generate channels are based on extensive measurements at several mmWave frequencies in New York City. The statistical spatial channel model (SSCM) in NYUSIM utilizes time clusters and spatial lobes to model the directional channel impulse response based on AoD/AoA, which have been used successfully in modeling mmWave channels [12] . Time clusters are composed of subpaths traveling closely in time and arriving from potentially different angular directions. This channel model is motivated by field measurements, which have shown that multiple subpaths within a time cluster can arrive from almost the same directions.
III. Omnidirectional and Directional Transmissions and Associated Interference
In this subsection, we describe the omnidirectional and directional transmitted signal models and develop a signal model for the interference at a typical receiver.
A. Omnidirectional Transmission
In a multi-user omnidirectional transmission, the transmitted signal from the antennas of BS j is simply the summation of the intended signals for each user and it can be defined as
where s k ∈ C M j is the data stream vector intended for UE k composed of mutually uncorrelated zero-mean
The received signal of UE k is given by
where H k, j ∈ C N k ×M j represents the channel matrix between BS j and UE k, and z k ∈ C N k is the white Gaussian noise vector at UE k, with z k ∼ CN(0, N 0 I N k ) and N 0 is the noise power spectral density.
B. Directional Beamforming Transmission
In a multi-user directional transmission, the transmitted signal from the antennas of BS j can be expressed as
where s k ∈ C n k is the data stream vector intended for UE k composed of mutually uncorrelated zeromean symbols, with E[s k s * k ] = I n k . The column vector d j ∈ C D j represents the vector of data symbols of BS j, which is the vertical concatenation of the data stream vectors s k , k ∈ Q j , such that E[d j d * j ] = I D j . Matrix F k, j ∈ C M j ×n k is the linear precoder (transmit beamforming matrix) for each UE k associated with BS j which separates user data streams, and F j ∈ C M j ×D j is the complete linear precoder matrix of BS j which is the horizontal concatenation of users' linear precoders.
The post-processed signal of UE k after performing receive beamforming is given bỹ
where W k ∈ C N k ×n k is the linear combiner (receive beamforming matrix) of UE k. The presented signal model is applicable for all types of transmit beamforming and receive combining. In MIMO mmWave systems, hybrid (analog and digital) beamforming can be implemented to reduces cost and power consumption of large antenna arrays [6] . In this paper, we employ the SVD beamforming technique to obtain the beamforming matrices at the transmitters and receivers [4] .
C. Interference Signal and Power
In the omnidirectional transmission model (OIM), the instantaneous rate of UE k when connected to BS j can be computed as
where H k, j is the mmWave channel between BS j and UE k, Q j is the quota of BS j, and V k, j is the interference and noise covariance matrix given as
In the case of beamforming transmission, when UE k is connected to BS j, its instantaneous rate can be obtained as
where V k, j is the interference and noise covariance matrix given as
where F k, j ∈ C M j ×n k is the linear precoder (transmit beamforming matrix) for each UE k associated with BS j which separates user data streams, W k ∈ C N k ×n k is the linear combiner (receive beamforming matrix) of UE k, and N 0 is the noise power spectral density. For both transmission types, the interference and noise covariance matrix V k, j is of significant interest.
The diagonal values of this matrix represent the interference plus noise power at each receiving antenna, and the off-diagonal values represent the correlation between the interference at different pairs of antennas. In this paper, we are mainly interested in the interference plus noise power, i.e. the diagonal values of V k, j . Specifically, we will examine the total interference power across all receiving antennas after receive combiner at a typical interfered receiver. This interference power depends on the association between users and base stations as discussed in the next section.
IV. Load Balancing and max-SINR User Association
We follow the mmWave-specific user association model proposed in [4] which takes into account the dependency between user association and interference structure in the network. This model is suitable for mmWave systems where the channels are probabilistic and fast time-varying, and the interference depends on the highly directional connections between UEs and BSs. In this model, during each time slot t the instantaneous CSI remains unchanged such that we can implement per-time-slot unique association. Note that the network operator can also choose to implement the proposed user association algorithms per multiple time slots, based on the channel CSI in the first time slot or the averaged channel CSI. Such a choice will lead to a trade-off between user association overhead and resulting network performance. All analysis and results in this paper are for per-time-slot association.
A. User Association via Activation Vector
We follow the problem formulation given in [4] . In this formulation the activation vector β(t) is defined as
where β k (t) is the called the activation factor of UE k and represents the index of BS to whom user k is associated with during time slot t, i.e., β k (t) ∈ J with k ∈ K. Considering these definitions, the relationship between the activation set of BS j and the activation factors can be described as
We assume each UE can be associated with only one BS (unique association) at any time slot t, i.e.,
where (17) indicates during each time slot all UEs are served by the BSs. In this paper, we employ max-SINR and load balancing user association schemes to study the interference model of an mmWave cellular network.
B. Max-SINR User Association
Max-SINR user association is a traditional user association scheme which utilizes the highest SINR or largest received power to associate an UE with a BS [13] . This technique has been working well in LTE cellular networks at microwave frequencies where all cells are usually homogeneous macro cells. The emergence of heterogeneous networks (HetNets) with smaller, lower power pico, femto and relay BSs requires a different look at user association to ensure load balancing across the network, avoiding the case that all users connect to only a macro BS because of its strongest SINR and overload it. Max-SINR has been augmented in HetNets with techniques such as cell breathing [14] and cell biasing [15] which can actually or artificially change the transmit power of a BS to attract or repel more users. These techniques, however, cannot precisely control the load on each BS.
C. Load Balancing User Association
For load balancing user association, the activation factors must satisfy the following load constraints
The constraints in (18) reflect the fact that each UE cannot be associated with more than one BS in each time slot (unique association), and the resource allocation constraints in (19) denote that the total number of data streams of UEs served by each BS cannot exceed the total number of available data streams on that BS. We assume that user association is performed during each time slot t, and thus we drop the time index t for notational simplicity.
While load balancing user associations have been studied for sub-6 GHz LTE systems [1] , [2] , few works have considered mmWave networks. A load balancing user association algorithm, called worst connection swapping (WCS), for mmWave-enabled HetNets is introduced in [4] to maximize a network utility function including the throughput. This algorithm takes into account the dependency between user association and interference structure of the network, and is based on the intuition that swapping the worst UE-BS connection is likely to provide the UE a stronger link to another BS and/or reduce the interference, which consequently improves the UE's transmission rate.
V. Numerical Results
In this section, we evaluate the performance of the proposed BIM in the downlink of an mmWave cellular network with J = 4 BSs and K = 16 UEs operating at 28 GHz over a bandwidth of 1 GHz. The mmWave channels are generated using the ACM and NYUSIM as described in Sec. II, and each channel (between a BS and a UE) is composed of 4 clusters with 7 subpaths per cluster. In order to implement 3D beamforming, each BS is equipped with a UPA of size 8 × 8 (M j = 64, j ∈ J), and each UE is equipped with three antenna panels of size 4 × 1 (N k = 4, k ∈ K) designed for mmWave band, where only one panel (based on UE orientation and hand grip) is active at any time. The number of data streams (layers) intended for each UE is n k = 4, k ∈ K. The transmit power of each BS is 30 dBm and the noise power spectral density is −174 dBm/Hz. Network nodes are deployed in a 300×300 m 2 square where the BSs are placed at the center of 150 × 150 m 2 subsquares, and the UEs are distributed randomly according to a uniform distribution. We compare the performance of BIM with OIM considered in the literature [1] , [2] and show that the proposed BIM has a much better performance in terms of user data rates and interference power at users. Fig. 1 shows the CDF of average spectral efficiency per UE. As we can see from this figure, BIM, which employs SVD beamforming technique, results in a higher spectral efficiency under both Max-SINR association and WCS association. For example, at 90% level, the simulations using NYUSIM show that the BIM results in more than 3 times higher spectral efficiency compared to the OIM under WCS user association. Moreover, this figure indicates that mmWave channels generated using measurement-based NYUSIM provide a better spectral efficiency than using ACM based [8] , [9] . For example, at 90% level, NYUSIM results in about 60% higher spectral efficiency than ACM under WCS user association (see Fig. 1.b ). Furthermore, it can be inferred that the WCS algorithm outperforms the Max-SINR scheme when using BIM, while this is not the case for OIM. The reason is that the WCS user association algorithm is designed specifically for directional beamforming transmissions. These results show the importance of having a proper interference model while performing user association. Note that in max-SINR user association the overloading UEs are dropped, while the WCS algorithm considers the BSs' loads and equally distributes the UEs among the BSs (Q j = 4, j ∈ J). Fig. 2 depicts the PDF and CDF of the number of dropped UEs under max-SINR user association scheme. The CDF curves show that the probability of having at least 2 dropped UEs is about 94% using ACM and 90% using NYUSIM.
Figs. 3 and 4 depict the PDF and CDF of the interference plus noise power at UEs in the network, respectively. The interference plus noise power for OIM and BIM are the trace of interference and noise covariance matrices in (12) and (14), respectively. The vertical line shows the noise floor which is -114 dB for the network bandwidth of 1 GHz. It can be seen that the minimum interference power is -108 dB which is higher than the noise level, making the network interference-limited rather than noise-limited. As shown in Fig. 4 , the interference plus noise power is much lower when using directional beamforming transmissions compare to omnidirectional transmissions. The figures show that BIM has a superior performance compared to OIM by having the interference plus noise power more concentrated at lower values. As an example, at 50% level, the interference plus noise power using the BIM is about 15% lower than that for OIM (see Fig. 4.b ). These results also confirm that even under beamforming transmissions, there is still a considerable amount of interference in an mmWave network.
VI. Conclusion
We examined the interference power distributions in an mmWave network using beamforming transmission under two user association schemes, and contrast with those under omnidirectional transmission. Numerical results show that beamforming can effectively mitigate network interference and hence significantly enhances the average spectral efficiency of UEs, also user association can considerably alter network interference and throughput structures. We further observed that the measurement-based NYUSIM channel generator results in higher spectral efficiency and lower interference power than the 3GPP-based ACM. Thus it is important to consider the multiple factors interplaying when characterizing network interference and throughput in an mmWave cellular system. 
